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Abstract
Background: Advances in structural biology, including structural genomics, have resulted in a
rapid increase in the number of experimentally determined protein structures. However, about half
of the structures deposited by the structural genomics consortia have little or no information about
their biological function. Therefore, there is a need for tools for automatically and comprehensively
annotating the function of protein structures. We aim to provide such tools by applying
comparative protein structure annotation that relies on detectable relationships between protein
structures to transfer functional annotations. Here we introduce two programs, AnnoLite and
AnnoLyze, which use the structural alignments deposited in the DBAli database.
Description: AnnoLite predicts the SCOP, CATH, EC, InterPro, PfamA, and GO terms with an
average sensitivity of ~90% and average precision of ~80%. AnnoLyze predicts ligand binding site
and domain interaction patches with an average sensitivity of ~70% and average precision of ~30%,
correctly localizing binding sites for small molecules in ~95% of its predictions.
Conclusion:  The AnnoLite and AnnoLyze programs for comparative annotation of protein
structures can reliably and automatically annotate new protein structures. The programs are fully
accessible via the Internet as part of the DBAli suite of tools at http://salilab.org/DBAli/.
Background
Genomic efforts are providing us with complete genetic
blueprints for hundreds of organisms, including humans.
We are now faced with assigning, understanding, and
modifying the functions of proteins encoded by these
genomes. This task is generally facilitated by protein 3D
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structures, which are best determined by experimental
methods such as X-ray crystallography and NMR spectros-
copy. Structural genomics aims to structurally characterize
most protein sequences by a combination of experiment
and prediction [1-4]. As a consequence, the number of
known protein structures deposited in the Protein Data
Bank (PDB) is growing exponentially [5]. However, pro-
tein target selection for structural genomics is generally
not motivated by specific biological questions. Target
selection aims to cover the structural space by selecting
targets from groups of proteins of unknown structure
[2,6]. During recent years, more than 3,300 structures
have been deposited in the PDB by the various structural
genomics consortia. Approximately half of these struc-
tures have limited information about their function (i.e.,
missing CATH or SCOP fold assignments, InterPro or
PFAM functional predictions, and EC or GO functional
annotations). Moreover, this ratio is likely to increase
with the growing output of protein structure determina-
tion techniques. Therefore, reliable and rapid methods for
functional annotation of protein structures are needed to
leverage the wealth of information generated by structural
genomics [7].
Comparative protein annotation from sequence and
structure has been previously applied [8,9]. The approach
relies on the fact that evolution tends to conserve function
for homologous proteins (i.e., proteins that have evolved
from a common ancestor). However, remotely related
sequences may share similar functions partially due to
convergent evolution [10], homologous sequences may
have diverse functions [11,12], or some proteins may per-
form more than one function depending on environmen-
tal conditions [13]. Therefore, the transfer of annotation
based only on sequence homology has so far reached lim-
ited accuracy and leads to a significant propagation of
errors in the annotations stored in various protein data-
bases [14].
Currently, there are over 38,000 protein structure entries
deposited in the PDB [5], corresponding to more than
82,000 protein chains. However, these structures assume
only ~700 different folds [15]. Comparative annotation
benefits from two properties of protein structures: (i) the
number of unique folds is far less than the number of pro-
teins and (ii) evolution tends to conserve function and
structure more than sequence. In this paper, we aim to
apply comparative protein structure annotation by using
the information from pairwise structural alignments
stored in the DBAli database [16]. To achieve this goal, we
have developed two different programs, AnnoLite and
AnnoLyze, which predict functional annotations for a tar-
get structure based on the annotation of known homolo-
gous structures. Our approach is not novel, and other
methods for function annotation from structure use simi-
lar methods (e.g., ProFunc [17,18], ProKnow [19], and
Phunctioner [20] for transfer of annotation and Patcher
[21] for localizing biding sites in the surface of a protein).
We begin by describing the source of information for the
two programs, testing sets, search protocols, and testing
criteria to evaluate their accuracy (Methods). Then, the
accuracy of the methods for predicting functional annota-
tion is detailed in Results. Finally, we illustrate the pro-
grams by outlining several examples.
Results
AnnoLite accuracy
The output of AnnoLite currently consists of the predicted
CATH and SCOP fold, EC numbers, InterPro entries, and
PFAM families, as well as GO terms with their statistical
significance expressed as a p-value. The p-value is the
probability of a given functional assignment to be false.
Given the presumed biases of the fold types and func-
tional annotations of known structures, a different relia-
bility cutoff for the p-value was determined for each of the
functional annotations (Table 1). The accuracy of Anno-
Lite was benchmarked with a set of 1,879 nonredundant
structural chains that are fully annotated in the Macro
Molecular Database (MSD).
The AUC for AnnoLite ranges from 0.69 to 0.85 with cov-
erage ranging from 86.0 to 93.6% depending on the type
of functional annotation (Table 2). AnnoLite accuracy
reaches at least 0.8 AUC for SCOP, CATH, InterPro, PFAM,
and GO biological process, while the F-BLAST method (a
sequence-based method) only reaches AUC of at least 0.8
for the CATH fold assignments. Moreover, AnnoLite over-
performs both sequence-based methods in AUC and COV
for all types of functional annotations (Table 2).
AnnoLite can correctly recall the fold assignments for
about 95% of the testing set, resulting in sensitivity of
92.7% and 95.7% for predicting the SCOP and CATH fold
assignments, respectively. The percentage of false posi-
tives is 11.6% for SCOP and 9.9% for CATH. Comparative
protein structure annotation is thus quite reliable for the
annotation of the fold type of a query structure. It is inter-
esting to manually inspect some of the CATH false posi-
tive assignments by AnnoLite. Our method predicts false
positives for 187 chains of the 1,879 chains in the annota-
tion set. Of those, only 35 chains (1.8% of the testing set)
have a false positive assignment as the top score predic-
tion, and only 6 chains result in no statistically significant
correct predictions (0.3% of the testing set). All those
cases correspond to large or multidomain structures, and
the predicted architecture by AnnoLite could be consid-
ered part of the annotated CATH architecture. We believe
that these results may be a consequence of the continuityBMC Bioinformatics 2007, 8(Suppl 4):S4 http://www.biomedcentral.com/1471-2105/8/S4/S4
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of the structural space [22] and the local nature of the
alignments stored in the DBAli database [23].
The accuracy of AnnoLite is lower for predicting sequence-
based annotations, such as PFam and InterPro assign-
ments, relative to the fold type annotation. AnnoLite cor-
rectly recalls the InterPro and PFam assignments for
88.4% and 90.5% of the benchmark set, respectively, with
precision of ~80% for both types of assignments. Enzyme
annotation (EC number) is highly accurate at 93.3% and
79.7% of sensitivity and precision, respectively. Finally,
AnnoLite predicts GO terms with good accuracy for
molecular function and biological process with about
85% sensitivity and 75% precision, respectively. However,
the accuracy for predicting GO terms for cellular compart-
mentalization is significantly lower with only 77.6% sen-
sitivity and 58.6% precision. Although AnnoLite's
accuracy depends on the type of functional annotation,
most of the functional annotations described here can be
predicted with more than 80% sensitivity.
Annolyze accuracy
The output of AnnoLyze currently consists of the pre-
dicted interacting ligands and domains as well as the
binding-site sequence identity. The binding-site sequence
identity is calculated based on the aligned residues
defined as a template binding site in the LigBase and
PIBASE databases. Similarly to AnnoLite, an optimal cut-
off on the binding-site sequence identity was calculated
(Table 3). The accuracy of AnnoLyze was benchmarked
with a set of 4,948 nonredundant chains that were co-
crystallized with a small ligand and with a set of 4,613
nonredundant chains that were co-crystallized with an
interacting domain. Additionally, the localization of
binding sites by AnnoLyze was benchmarked with a set of
1,936 nonredundant structural chains.
AnnoLyze can correctly recall interacting ligands and
domains for approximately 72% of the set, resulting in
sensitivities of 71.2% and 72.9% for predicting small lig-
ands and interacting protein domains, respectively. The
false positive rate is much larger than that for functional
assignment by AnnoLite, resulting in precisions of only
13.7% and 55.7% for ligands and interacting domains,
respectively. As for the AnnoLite annotations, a true nega-
tive set of noninteracting ligands and protein partners is
not readily available. That is, we cannot prove that a par-
ticular ligand or domain does not interact with the query
structure. Thus, the low precision of AnnoLyze may be the
consequence of a large number of false positives (i.e., pre-
dicted binding sites for interacting ligands and domains
not annotated in the testing set).
On average, AnnoLyze correctly localizes a binding site on
the surface of a protein in 94.6% of the predictions with
an average of 88.4% of residues correctly localized (Table
4). For some ligand types (see Table 4 for definition of the
abbreviated ligand names), the sensitivity of the localiza-
Table 2: AnnoLite comparison against BLAST-based searches.
AnnoLite F-BLAST T-BLAST
AUC COV AUC COV AUC COV
SCOP Fold 0.85 93.6 0.79 90.8 0.62 89.5
CATH Fold 0.82 91.2 0.81 87.7 0.57 86.6
InterPro Entry 0.80 86.8 0.71 79.8 0.65 77.8
PFAM Family 0.83 91.1 0.76 86.4 0.62 82.8
EC Number 0.75 87.9 0.77 83.0 0.71 82.5
GO Molecular Function 0.68 86.0 0.60 78.8 0.65 76.9
GO Biological Process 0.80 88.3 0.72 82.4 0.63 80.1
GO Cellular Component 0.69 93.2 0.63 90.0 0.61 86.9
AUC: area under the curve; COV: coverage (%).
Table 1: Sensitivity and precision of AnnoLite.
Optimal cutoff Sensitivity (%) Precision (%)
SCOP Fold 10-6 92.7 88.4
CATH Fold 10-3 95.7 90.1
InterPro Entry 10-3 88.4 78.2
PFAM Family 10-4 90.5 82.8
EC Number 10-4 93.3 79.7
GO Molecular Function 10-1 84.3 80.9
GO Biological Process 10-3 85.5 74.8
GO Cellular Component 10-2 77.6 58.6BMC Bioinformatics 2007, 8(Suppl 4):S4 http://www.biomedcentral.com/1471-2105/8/S4/S4
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tion is lower. For ligands such as MES, BOG, CIT, ANP,
and ATP, the coverage is lower than 75% (i.e., 43.4%,
54.8%, 61.5%, 68.9%, and 72.9%, respectively). In con-
trast, for ligand types such as FAD, FMN, GDP, HEC,
HEM, MAN, NAD, NAG, and NDP, the coverage is higher
than 85%. The average coverage of AnnoLyze is 79.9%,
which is similar to the sensitivity for the ligand testing set
(71.9%). For all ligand types except BOG, FUC, and MES,
AnnoLyze correctly localized the binding site for more
than 90% of the predictions in the localize set. The average
accuracy localizing the binding site was 90% or higher for
ADP, AMP, ANP, ATP, FAD, FMN, GDP, HEC, HEM,
NAD, NAP, and NDP. Although AnnoLyze cannot predict
a binding site for ~20% of the testing set, its accuracy is
~50 points higher than that of the Patcher program (Table
4).
Homologous proteins with different functions
We tested the accuracy of AnnoLite in predicting the func-
tion of pairs of homologous enzyme-non-enzyme struc-
tures, which were previously selected by Pal and Eisenberg
to assess the accuracy of ProKnow [19] (Table 5). These
pairs of proteins share similar fold but perform very differ-
ent functions. AnnoLite was run for a total of 8 pairs of
protein structures, resulting in correct predictions accord-
ing to previously described functional annotations [24].
AnnoLite predicted an EC number for two structures
annotated as non-enzymes in the testing set (i.e., 2fha and
1ndoB) [24]. However, 2fha corresponds to the H chain
of a mammalian ferritin, which assembles in a 24-mer
complex of H and L chains [25]. Although both chains
share similar structures, the differences between them
explain the ferroxidase activity (EC 1.16.3.1) of the chain
H of ferritin. AnnoLite in fact correctly predicts this activ-
ity. The 1ndoB chain is one of six chains of a muticompo-
nent enzyme system that catalyzes the reaction
baphthalene 1,2-dioxygenase (EC 1.14.12.12) [26],
which is also correctly predicted by AnnoLite.
AnnoLite predicted some functional annotations that
were not previously annotated in the MSD database.
1bl0A, a member of the AraC prokaryotic transcriptional
activator family [27], is predicted as a transcriptional
repressor (i.e., GO term 0016564). 1oazA, an enzyme
with oxydoreductase activity [28], is annotated as 1.10.3.3
in the EC database. AnnoLite correctly predicted this
annotation but also assigned laccase activity (i.e., EC
number 1.10.3.2 and GO term 0008471). 1ounA, a
nuclear transport factor 2 [29], is predicted to interact
with Ras GTPase (i.e., GO term 0008536), which is impli-
cated in nucleocytoplasmic transport, cell-cycle progres-
sion, spindle assembly, nuclear organization, and nuclear
Table 4: Accuracy of AnnoLyze in locating binding sites for small ligands.
Ligand Extended name Cases Coverage (%) Average (%) Correct (%) Patcher (%)
ADP ADENOSINE-5'-DISPHOSPATE 172 80.2 93.2 100.0 45.6
AMP ADENOSINE-5'-MONOPHOSPHATE 56 80.4 91.4 100.0 31.0
ANP PHOSPHOAMINOPHOSPHONIC ACID – ADENYLATE ESTER 74 68.9 91.0 100.0 51.3
ATP ADENOSINE-5'-TRIPHOSPHATE 107 72.9 92.7 97.4 57.7
BOG B-OCTYLGLUCOSIDE 31 54.8 71.9 76.5 18.2
CIT CITRIC ACID 52 61.5 82.2 90.6 33.3
FAD FLAVIN-ADENINE DINUCLEOTIDE 110 91.8 96.1 100.0 60.9
FMN FLAVIN MONONUCLEOTIDE 62 85.5 94.5 100.0 60.0
FUC FUCOSE 35 82.9 67.9 72.4 0.0
GAL D-GALACTOSE 70 80.0 84.5 92.9 41.7
GDP GUANOSINE-5'-DIPHOSPHATE 72 95.8 93.2 97.1 33.3
GLC GLUCOSE 115 80.0 84.1 93.5 35.3
HEC HEMEC 42 95.2 96.9 100.0 55.6
HEM PROTOPRPHYRIN IX CONTAINING FE 360 94.7 97.1 99.7 73.4
MAN ALPHA D-MANNOSE 52 86.5 84.6 95.6 15.4
MES ETHANESULFONIC ACID 53 43.4 78.2 82.6 29.4
NAD NICOTAMINE ADENINE DINUCLEOTIDE 183 85.8 95.9 100.0 55.6
NAG N-ACETYL-D-GLUCOSAMINE 153 86.9 84.8 94.7 4.6
NAP NADP NICOTINAMIDE-ADENINE-DINUCLEOTIDE PHOSPHATE 73 84.9 93.6 98.4 65.4
NDP NADPH DIHYDRO-NICOTINAMIDE-ADENINE-DINUCLEOTIDE PHOSPHATE 64 85.9 94.9 100.0 58.3
Average 97 79.9 88.4 94.6 41.3
The last column shows the percentage of correct predictions by the Patcher algorithm.
Table 3: Sensitivity and precision of AnnoLyze.
Optimal cutoff (%) Sensitivity (%) Precision (%)
Ligands 30 71.9 13.7
Interacting Domains 40 72.9 55.7BMC Bioinformatics 2007, 8(Suppl 4):S4 http://www.biomedcentral.com/1471-2105/8/S4/S4
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envelope assembly. Finally, 1oxy [30], a hemocyanin
associated to the transport of oxygen, is correctly pre-
dicted with oxygen transport activity (i.e., GO term
0005344) but is falsely predicted by AnnoLite to have cat-
alytic activity (i.e., GO terms 0016787 and 0016740) as
well as DNA binding activity (i.e., GO term 0003677).
These false positive predictions are transferred from a sin-
gle structure similarity (1wjb entry in PDB), which super-
poses 80% of its Cα atoms within 3.1 Å, to part of the
1oxy_ structure. Although only two hits (chains A and B
from 1wjb) of the 12 hits to 1oxy_ had catalytic activity,
the relative abundance of chains annotated with the very
same GO terms made the prediction statistically signifi-
cant.
Annotation for structural genomics
Target-selection strategies for structural genomics have led
to the experimental determination of many protein struc-
tures whose functions are not yet known. AnnoLite and
AnnoLyze can be usefully employed to annotate the func-
tions of such structures, as illustrated by the following
example (Figure 1).
The Midwest Center for Structural Genomics (MCSG)
selected a MutT-Nudix protein from Enterococcus faecalis as
a target for structure determination (target APC28983).
The structure was successfully determined and deposited
in the PDB (code 2azw, release date January 10, 2006).
Sequence-based searching of the PFam database reveals
similarity to the NUDIX domain (PF00293), which is a
small bacterial protein involved in a system responding to
damage in the DNA [31]. The NUDIX family of domains
can be divided into several subgroups, but only MutT has
anti-mutagenic activity. AnnoLite and AnnoLyze confirm
and add to these known annotations. A DBAli search for
structures homologous to 2azwA results in 303 hits.
Twenty-six of these hits pass all the AnnoLite cutoffs,
which predicts that the query chain will adopt the Nucle-
oside Triphosphate Pyrophosphohydrolase CATH fold
(3.90.79.10, p-value 1e-20) and the MutT-like SCOP fold
(d.113.10.1, p-value 4e-29). The NUDIX domain from the
PFam database (PF00293, p-value 2e-74) as well as the
NUDIX hydrolase InterPro entry (IPR000086, p-value of
1.9e-55) are also predicted. Two more InterPro entries are
predicted for the query structure, the Mutator MutT
(IPR003561, p-value 2.7e-20) and the Isopentenyl-dipen-
tenyl-diphosphate delta-isomerase (IPR002667, p-value
2.9e-14). All predicted GO terms, both for molecular func-
tion and for biological process, clearly indicate that
2azwA has a hydrolase activity with the DNA-repair func-
tion. Finally, AnnoLyze predicts that the protein could
form a homodimer with another MutT-Nudix fold (aver-
age binding-site sequence identity of 23.7%) as well as
contain a binding site for the analgesic drug magne-
sium(+2) cation dihydroxide (ascripin) with an average
binding-site sequence identity of 59.0%.
Conclusion
The influx of genomic information over the last decade
has increased the amount and diversity of the protein
sequences and their structures. This very same increase
demands the development of more accurate and reliable
tools for functional annotation. Numerous programs
have been developed that transfer annotation from pro-
teins of known function to the uncharacterized related
proteins. However, the accuracy of such programs varies
and is limited by technical difficulties, our knowledge of
protein evolution, and the nontrivial definition of func-
Table 5: AnnoLite functional predictions for pairs of enzyme-non-enzyme homologous structures.
Enzyme Non-Enzyme
Chain Functional class EC GO Chain Functional class EC GO
1a73A Hydrolase/DNA -- 0004519 1mhdA Transcription/DNA -- 0003700
1xikA Oxidoreductase 1.17.4.1 0005506
0004748
1dpsA DNA binding -- 0008199
0003677
2fha Iron storage 1.16.3.1 0008199
0004322
1pda Lyase 2.5.1.61 0004418 1ixh Phosphate transport -- 0005315
1crxA Replication/DNA -- 0003677 1bl0A Transcription/DNA -- 0016564
0003677
1qjgA Isomerase 5.3.3.1 0004769
0008565
1ounA Transport -- 0008565
0008536
1ndoB Dioxygenase 1.14.12.12 0016702
0018625
0046872
1aozA Oxydoreductase 1.10.3.3
1.10.3.2
0008447
0005507
0008471
1nwpA Electron transport -- 0005507
0005489
1bugA Oxydoreductase 1.10.3.1 0004097
0005507
1oxy Oxygen transport -- 0005344
0005507
0016787
0016740
0003677
Underlined functional predictions are not annotated in the MSD.BMC Bioinformatics 2007, 8(Suppl 4):S4 http://www.biomedcentral.com/1471-2105/8/S4/S4
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Functional annotation of a newly determined protein structure Figure 1
Functional annotation of a newly determined protein structure. Application to the target APC28983 from the Mid-
west Center for Structural Genomics Consortium (PDB code 2azw chain A). (a) Known annotation of chain 2azwA. (b) Signif-
icant AnnoLite predictions. (c) Significant AnnoLyze predictions.
CATH: 
 1.1e-20  3.90.79.10  Nucleoside  Triphosphate  Pyrophosphohydrolase
SCOP: 
4.2e-29 d.113.1.1  MutT-like
PFAM: 
2.0e-74 PF00293  NUDIX  domain
InterPro: 
1.9e-65 IPR000086  NUDIX  hydrolase
 2.7e-20  IPR003561  Mutator  MutT
 2.9e-14  IPR002667  Isopentenyl-diphosphate  delta-isomerase
MutT/nudix family protein
PDB ID:     2azw:A
  STRUCTURAL GENOMICS, UNKNOWN FUNCTION
Compound:
  MUTT/NUDIX FAMILY PROTEIN
Source:
 BACTERIA
SCOP:
 unclassified
CATH:
 unclassified
Ligands
 1PE
Interacting domains:
 unknown
magnesium(+2) cation dihydroxide
a)
b)
GO Molecular Function: 
  4.5e-19  0008413  8-oxo-7,8-dihydroguanine triphosphatase activity  
  3.8e-13  0004452  isopentenyl-diphosphate delta-isomerase activity  
  1.9e-6  0016787  hydrolase activity  
  5.4e-3  0004081  bis(5'-nucleosyl)-tetraphosphatase (asymmetrical) activity    
GO Biological Process: 
7.7e-11  0008299  isoprenoid biosynthesis  
  1.5e-5  0006974  response to DNA damage stimulus  
  1.7e-5  0006260  DNA replication  
  2.4e-5  0006281  DNA repair  
c)
MutT/nudix  SCOP domainBMC Bioinformatics 2007, 8(Suppl 4):S4 http://www.biomedcentral.com/1471-2105/8/S4/S4
Page 7 of 12
(page number not for citation purposes)
tion [9]. Here we introduced two programs for compara-
tive protein structure annotation with the goal of
overcoming those limitations. AnnoLite and AnnoLyze
rely on structural relationships stored in the DBAli data-
base to perform a reliable and rapid annotation of protein
structures. AnnoLite predicts the CATH and SCOP fold
assignments, InterPro and PFam families, EC number,
and GO terms for a query structure. AnnoLyze predicts the
location and type of putative binding sites for small lig-
ands and partner protein domains on the surface of the
query protein structure.
We have fully benchmarked both methods with large test-
ing sets. The results indicate that AnnoLite outperforms
sequence-based methods for functional annotation and
has similar accuracies as previously published programs
(i.e., ProFunc [17,18], ProKnow [19], and Phunctioner
[20]). The main advantages of AnnoLite with respect to
these other methods are its applicability, accuracy, and
speed of execution. For example: (i) in contrast to Pro-
Func, ProKnow, or Phunctioner, the predictions in Anno-
Lite are continuously updated with the DBAli pairwise
structural alignments and can be retrieved within seconds
for most of the protein structures in the PDB; (ii) in con-
trast to ProKnow and Phunctioner, AnnoLite predicts an
array of different functional annotations ranging from
fold assignments to GO terms; and (iii) in contrast to Pro-
Func, ProKnow, or Phunctioner, AnnoLite can be applied
to all known structures with structural similarities to any
annotated protein and does not rely on any additional
search or sources of information. Moreover, AnnoLite can
be combined with AnnoLyze for additional prediction of
small ligand binding sites and protein-protein interac-
tion. AnnoLyze can be applied to about 80% of the pro-
tein chains and outperforms other knowledge-based
methods such as Patcher [21].
AnnoLite and AnnoLyze will benefit from the growth of
the structural and functional databases. Both methods
rely on the DBAli database, which is updated weekly.
Thus, we expect the accuracy of both methods to improve
with the DBAli updates. However, the current implemen-
tation of AnnoLite and AnnoLyze is limited by: (i) errors
in the annotation databases, (ii) the potential sub-opti-
mality of the selected structural alignments, and (iii) the
explicit inclusion of specificity measures for the AnnoLyze
predictions. First, incorrect entries in the underlying
annotation databases will most likely result in false posi-
tive predictions. Our implementation of the Fisher's exact
test for 2 × 2 contingency tables should minimize this
problem. Second, AnnoLite and AnnoLyze rely on the
DBAli database for selecting a set of homologous struc-
tures to the query structure. We have arbitrarily chosen a
set of parameters based on the MAMMOTH benchmark
[23], which ensures a high degree of local similarity
between the query structure and its selected homologous
structures. However, those parameters were not optimized
for functional annotation of structures. Third, AnnoLyze
does not include any external scoring function to assess
the accuracy of a prediction. Thus, most of the false posi-
tives from AnnoLyze may be detectable by taking into
account the specificity of a particular binding site for a
particular ligand or protein domain. We plan to develop a
series of statistical potentials to assess each of the predic-
tions from AnnoLyze. As these additions are incorporated,
the performance of AnnoLyze is likely to further improve.
To demonstrate the applicability of our programs, Anno-
Lite was used to predict the functional annotation of a set
of pairs of homologous enzyme-non-enzyme proteins.
AnnoLite was able to correctly differentiate between the
catalytic and noncatalytic proteins. Moreover, we applied
AnnoLite and AnnoLyze to fully annotate a structure pro-
duced by structural genomics, indicating a utility of our
programs for an initial characterization of new protein
structures of unknown function. The sensitivity and preci-
sion of both programs will likely make AnnoLite and
AnnoLyze an interesting component supporting the
experimental work of a wider structural biology commu-
nity. Both programs are fully available as part of the DBAli
suite of tools for structural characterization and are readily
applicable to any structure deposited in the PDB as well as
any user-provided coordinate sets.
Methods
DBAli database
The DBAli database [16] contains pairwise and multiple
structure alignments of proteins in the PDB. Pairwise
alignments are updated weekly, and multiple alignments
are updated monthly. As of December 2006, DBAli con-
tains a total of 86,257 PDB chains in more than 1.3 bil-
lion pairwise alignments with a MAMMOTH P-value
higher than 2 [23]. DBAli also stores multiple structure
alignments for 11,405 families with 30,150 nonredun-
dant PDB chains representing 83,080 chains in the PDB.
Both programs introduced in this work, AnnoLite and
AnnoLyze, make use of the pairwise alignments in DBAli
to predict functional annotation.
Annotation databases
AnnoLite and AnnoLyze rely on the information stored in
several databases to predict functional annotations. We
have adopted the information from the Macromolecular
Structure Database (MSD) [32], which links each PDB
entry to CATH [33], SCOP [34], InterPro [35], PFam [36],
EC [37], and GO entries [38]. Additionally, the informa-
tion stored in LigBase [39] and PIBASE [40] is also used to
predict annotation for small ligands and interacting pro-
teins, respectively. DBAli data from all external databases
are updated monthly.BMC Bioinformatics 2007, 8(Suppl 4):S4 http://www.biomedcentral.com/1471-2105/8/S4/S4
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Testing sets
Four different testing sets were selected to evaluate the
accuracy of AnnoLite and AnnoLyze: (i) a set of nonre-
dundant functionally annotated chains (annotation), (ii) a
set of nonredundant protein structures co-crystallized
with small ligands (ligand), (iii) a set of nonredundant
proteins co-crystallized with other proteins or domains
(partner), and (iv) a set of nonredundant protein struc-
tures for localizing binding sites (localize).
The annotation set
A total of 10,997 PDB chains in the MSD (July 2005) were
annotated by all the following terms: CATH and SCOP
fold assignments, InterPro and PFam entries, EC num-
bers, and GO terms (molecular function, biological proc-
ess, and cellular component). This list of chains was
filtered to remove redundancies resulting in a list of 1,879
representative chains (Table 6).
The ligand set
The LigBase database contains information for 30,126
chains and co-crystallized small molecules. This list of
chains was filtered to remove redundancies, resulting in a
list of 4,948 representative chains and associated ligands
(Table 6).
The partner set
The PIBASE database contains information for 30,425
chains and co-crystallized interacting domains. This list of
chains was filtered to remove redundancies, resulting in a
list of 4,613 representative chains (Table 6).
The localize set
The LigBase database contains ligand and binding-site
information for 30,126 chains and their co-crystallized
small molecules. LigBase defines a binding site as all the
protein residues with at least one atom within 5 Å of any
of the ligand atoms. Our benchmark data set was
restricted to 20 different ligands of 10 or more atoms that
occur more than 100 times in LigBase (Table 4). The set
contains biologically relevant molecules (such as ATP,
NAD, and sugars) but excludes ions and very small mole-
cules [21]. The initial set of proteins was filtered to remove
redundancies within each ligand type, resulting in the list
of 1,936 representative chains (Table 6).
The entire annotation, ligand, partner, and localize testing
sets are available for download [41].
BLAST searches
To assess the benefits of using the structural space as well
as a robust statistical approach for transferring annota-
tion, a BLAST search with default parameters [42] was run
for all the sequences in the annotation  set against all
sequences in the PDB. Two BLAST-based predictions were
calculated: i) T-BLAST, which selected the top BLAST hit
with functional annotation, which was then transferred to
the query with the BLAST e-value statistical significance
and ii) F-BLAST, which selected all the hits with functional
annotation, which were then transferred to the query with
a statistical significance calculated using a Fisher's exact
test for 2 × 2 contingency tables as for AnnoLite.
AnnoLite
AnnoLite predicts functional annotations such as the
CATH and SCOP fold assignments, InterPro and PFam
entries, EC numbers, and GO terms by transferring known
annotations from homologous structures to the query
structure. AnnoLite collects homologous structures that
pass all the following similarity criteria to the query struc-
ture: a minimum of 75% of Cα atoms aligned within 4 Å
and a maximum of 4 Å Cα RMSD after superposition of
the two structures. All hits are then sorted by their
sequence identity to the query, and then a decreasing cut-
off for sequence identity (from 90% to 15% in steps of
1%) is applied. The iterative process stops when at least 25
structures from the list have been selected. Functional
annotations for the homologous set of chains are then
collected from the MSD. Next, a p-value score is calculated
for each collected annotation using a Fisher's exact test for
2 × 2 contingency tables comparing two groups of anno-
tated chains (i.e., the group of similar chains to the query
and the group of all annotated chains in the PDB) [43].
Only those annotations that have a significant p-value are
then transferred to the query structure and correspond to
the predicted functional annotation (Figure 2). Given the
Table 6: Filtering cutoffs for removing redundancy in the testing sets.
Initial set Sequence Identity (%) Equivalent positions (%) RMSD (Å) Difference in length Final set
Annotation 10,997 N/A ≥60.0 ≤2.0 ≤30 1,879
Ligand 30,126 ≥30.0 ≥75.0 ≤4.0 ≤50 4,948
Partner 30,425 ≥30.0 ≥75.0 ≤4.0 ≤50 4,613
Localize 30,126 ≥90.0 ≥90.0 ≤2.0 N/A 1,936
Sequence identity is the percentage of identical residues with respect to the aligned positions in the structural alignment. Equivalent position is the 
percentage of residues that align within 4 Å with respect to the shorter of the two aligned structures. The RMSD is calculated using Cα atoms of 
the two aligned structures.BMC Bioinformatics 2007, 8(Suppl 4):S4 http://www.biomedcentral.com/1471-2105/8/S4/S4
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Flowchart of main steps in AnnoLite Figure 2
Flowchart of main steps in AnnoLite.
HTML output
AnnoLite search
Fisher´s 2 x 2
test for statistical 
signiﬁcance
Similar chains in DBAli
RMSD < 4Å
% sequence identity variable (>15)
% equivalent positions > 75%
p-value > 4
Chain ID
BioMart protein annotation
Annotations from MSD.msd 
database and descriptions from 
SCOP, CATH, InterPro, PFamA, 
ENZYME, and GO databases
DBAli tools
AnnoLite searchBMC Bioinformatics 2007, 8(Suppl 4):S4 http://www.biomedcentral.com/1471-2105/8/S4/S4
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presumed biased distribution of functional annotations
in the PDB database, an optimal cutoff for the p-value was
obtained for each type of functional annotation as follows
(Table 1). First, an ROC curve [44] was calculated by plot-
ting the sensitivity against the precision for all possible p-
value cutoffs. Second, the optimal classification point was
Flowchart of main steps in AnnoLyze Figure 3
Flowchart of main steps in AnnoLyze.
HTML output
AnnoLyze search
Selection based on local 
similarity
% sequence identity > 20%
% equivalent positions > 75%
Similar chains in DBAli
RMSD < 4Å
% sequence identity > 20%
% equivalent positions > 75%
p-value > 4
Chain ID
LigBase protein 
ligands
Ligands from 
LigBase are 
collected and 
binding sites 
annotated based 
on the spatial 
proximity to the 
ligand
DBAli tools
PiBase protein 
partners
Interactions from 
PIBASE are 
collected and 
interaction
patches
annotated based 
on the spatial 
proximity
between domains
AnnoLyze searchBMC Bioinformatics 2007, 8(Suppl 4):S4 http://www.biomedcentral.com/1471-2105/8/S4/S4
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identified as the point in the ROC curve that is closest to
the perfect classifier (i.e., 100% sensitivity at 100% preci-
sion).
AnnoLyze
AnnoLyze predicts ligand-binding sites as well as protein-
interaction patches on the surface of the query structure
by transferring known ligands and domain partners from
homologous structures. AnnoLyze collects homologous
structures that pass all the following criteria on the simi-
larity to the query structure: a minimum of 20% sequence
identity, a minimum of 75% of Cα atoms aligned within
4 Å, and a maximum of 4 Å Cα RMSD after superposition
of the two structures. Known ligands from LigBase as well
as known protein-interacting partners from PIBASE are
then collected for all homologous structures. Next,
sequence identities between the query structure and its
homologs are calculated for the interacting residues based
on the structural alignment. Residues involved in the
interaction with small ligands and protein partners are
taken from LigBase and PIBASE, respectively. Only those
sets of interacting residues in a template that have a signif-
icant template-query sequence identity are then trans-
ferred to the query structure and correspond to the
predicted binding site (Figure 3). Similarly to AnnoLite,
an optimal cutoff for the sequence identity was identified
for each type of binding site annotation (Table 3).
Searching parameters
The AnnoLite and AnnoLyze parameters for searching in
DBAli were arbitrarily selected and were not optimized for
functional annotation. However, our use of the MAM-
MOTH program (the underlying algorithm for pairwise
structural alignments in the DBAli database) as well as its
benchmark [23] indicate that the selected parameters
ensure structural similarity of the homologous chains to
the query structure. For example, 87% of the 59,849
selected hits in the search with the annotation  test set
superpose at least 90% of their Cα atoms within 4 Å, and
65% of the 763,962 selected hits from the ligand and part-
ner test sets superpose at least 90% of their Cα atoms
within 4 Å.
Accuracy measures
The accuracies of AnnoLite and AnnoLyze were bench-
marked in terms of sensitivity (recall) and precision. Sen-
sitivity is defined as the ratio between the number of true
positives (i.e., hits correctly predicted) and the sum of true
positive and false negatives (i.e., functional annotations
not predicted as such) with a score higher than or equal to
the given cutoff. Precision is defined as the ratio between
the number of true positives (i.e., hits correctly predicted)
and the number of all predictions with a score higher than
or equal to the given cutoff (i.e., the sum of true positive
hits and false positive hits). The number of false positives
approximates only an upper bound since a negative anno-
tation set of functions, experimentally known not to be
performed by a given protein, is not generally available.
Unless otherwise indicated, sensitivity and precision are
expressed as percentage values.
The accuracy of AnnoLite against a BLAST-based method
was also benchmarked in terms of the area under the
curve (AUC) and coverage (COV). The AUC is defined as
the area under the ROC curve, which plots the true posi-
tive rate against the false positive rate. An AUC of 1 indi-
cates a perfect classifier, and an AUC under 0.5 indicates a
poor classifier. Coverage is defined as the fraction of the
query structures that had a particular function type pre-
dicted in the annotation test set.
Additionally, the accuracy of AnnoLyze for localizing
binding sites for small molecules was also benchmarked.
For each protein in the localize testing set, AnnoLyze pre-
dicted a set of residues in the binding site, which formed
a patch on the surface of the protein. Given two binding
sites or patches, we defined the overlap between the two
patches as the percentage of common residues with
respect to the number of residues in the smaller of the two
patches [21]. The overlap of two patches is 100% if they
are identical or if one patch is completely contained
within the other. The overlap is 0% if there are no residues
in the intersection between the two. A binding site was
considered correctly localized if the overlap between a
predicted patch and the real patch as defined in LigBase
was greater than 50%. The AnnoLyze coverage for each lig-
and type was calculated as the percentage of predicted lig-
and-binding sites with template-query sequence identity
higher than or equal to 30%. Finally, the average accuracy
of a predicted binding site type was calculated as the aver-
age of correctly localized residues for each ligand type.
List of abbreviations
Protein Data Bank (PDB), Macromolecular Structure
Database (MSD), area under the curve (AUC), coverage
(COV).
Competing interests
The authors declare that they have no competing interests.
Authors' contributions
MAM-R conceived and executed the project. AR, UP, and
FPD contributed with data from LigBase, ModBase and
PIBASE, respectively. FA-S contributed with the statistical
analysis for the AnnoLite program. JD and AS provided
scientific guidance. MAM-R and AS wrote the paper. All
the authors read and approved the manuscript.
Acknowledgements
We are grateful to Dr. Angel Ortiz for the MAMMOTH program. We 
acknowledge the financial support of the Sandler Family Supporting Foun-BMC Bioinformatics 2007, 8(Suppl 4):S4 http://www.biomedcentral.com/1471-2105/8/S4/S4
Page 12 of 12
(page number not for citation purposes)
dation as well as NIH grants GM074929, GM71790, and GM54762. We also 
thank IBM, HP, Netapps, and Intel for hardware gifts.
This article has been published as part of BMC Bioinformatics Volume 8, Sup-
plement 4, 2007: The Second Automated Function Prediction Meeting. The 
full contents of the supplement are available online at http://www.biomed 
central.com/1471-2105/8?issue=S4.
References
1. Burley SK, Almo SC, Bonanno JB, Capel M, Chance MR, Gaasterland
T, Lin D, Sali A, Studier FW, Swaminathan S: Structural genomics:
beyond the human genome project.  Nat Genet 1999,
23(2):151-157.
2. Vitkup D, Melamud E, Moult J, Sander C: Completeness in struc-
tural genomics.  Nat Struct Biol 2001, 8:559-566.
3. Marsden R, Lee D, Maibaum M, Yeats C, Orengo C: Comprehen-
sive genome analysis of 203 genomes provides structural
genomics with new insights into protein family space.  Nucleic
Acids Research 2006, 34(3):1066-1080.
4. Todd AE, Marsden RL, Thornton JM, Orengo CA: Progress of
structural genomics initiatives: an analysis of solved target
structures.  J Mol Biol 2005, 348(5):1235-1260.
5. Berman HM, Battistuz T, Bhat TN, Bluhm WF, Bourne PE, Burkhardt
K, Feng Z, Gilliland GL, Iype L, Jain S, et al.: The Protein Data Bank.
Acta Crystallogr D Biol Crystallogr 2002, 58(Pt 6 No 1):899-907.
6. Sali A: 100,000 protein structures for the biologist.  Nat Struct
Biol 1998, 5(12):1029-1032.
7. Kouranov A, Xie L, de la Cruz J, Chen L, Westbrook J, Bourne PE,
Berman HM: The RCSB PDB information portal for structural
genomics.  Nucleic Acids Res 2006.
8. Friedberg I: Automated protein function prediction – the
genomic challenge.  Brief Bioinform 2006.
9. Valencia A: Automatic annotation of protein function.  Current
Opinion in Structural Biology 2005, 15(3):267-274.
10. Galperin MY, Walker DR, Koonin EV: Analogous enzymes: inde-
pendent inventions in enzyme evolution.  Genome Res 1998,
8(8):779-790.
11. Shah I, Hunter L: Identification of divergent functions in homol-
ogous proteins by induction over conserved modules.  Proc Int
Conf Intell Syst Mol Biol 1998, 6:157-164.
12. Rost B: Enzyme function less conserved than anticipated.  J
Mol Biol 2002, 318(2):595-608.
13. Jeffery C: Moonlighting proteins.  Trends in Biochemical Sciences
1999, 24(1):8-11.
14. Bork P: Powers and pitfalls in sequence analysis: the 70% hur-
dle.  Genome Res 2000, 10(4):398-400.
15. Orengo CA, Michie AD, Jones S, Jones DT, Swindells MB, Thornton
JM:  CATH – a hierarchic classification of protein domain
structures.  Structure 1997, 5:1093-1108.
16. Marti-Renom MA, Ilyin VA, Sali A: DBAli: a database of protein
structure alignments.  Bioinformatics 2001, 17(8):746-747.
17. Laskowski RA, Watson JD, Thornton JM: ProFunc: a server for
predicting protein function from 3D structure.  Nucleic Acids
Res 2005:W89-93.
18. Laskowski RA, Watson JD, Thornton JM: From protein structure
to biochemical function?  J Struct Funct Genomics 2003, 4(2–
3):167-177.
19. Pal D, Eisenberg D: Inference of protein function from protein
structure.  Structure 2005, 13(1):121-130.
20. Pazos F, Sternberg MJ: Automated prediction of protein func-
tion and detection of functional sites from structure.  Proc Natl
Acad Sci USA 2004, 101(41):14754-14759.
21. Rossi A, Marti-Renom MA, Sali A: Localization of binding sites in
protein structures by optimization of a composite scoring
function.  Protein Sci 2006, 15(10):2366-2380.
22. Kihara D, Skolnick J: The PDB is a covering set of small protein
structures.  J Mol Biol 2003, 334(4):793-802.
23. Ortiz AR, Strauss CE, Olmea O: MAMMOTH (matching molec-
ular models obtained from theory): an automated method
for model comparison.  Protein Sci 2002, 11(11):2606-2621.
24. Todd AE, Orengo CA, Thornton JM: Sequence and structural dif-
ferences between enzyme and nonenzyme homologs.  Struc-
ture 2002, 10(10):1435-1451.
25. Hempstead PD, Yewdall SJ, Fernie AR, Lawson DM, Artymiuk PJ, Rice
DW, Ford GC, Harrison PM: Comparison of the three-dimen-
sional structures of recombinant human H and horse L fer-
ritins at high resolution.  J Mol Biol 1997, 268(2):424-448.
26. Kauppi B, Lee K, Carredano E, Parales RE, Gibson DT, Eklund H,
Ramaswamy S: Structure of an aromatic-ring-hydroxylating
dioxygenase-naphthalene 1,2-dioxygenase.  Structure 1998,
6(5):571-586.
27. Rhee S, Martin RG, Rosner JL, Davies DR: A novel DNA-binding
motif in MarA: the first structure for an AraC family tran-
scriptional activator.  P r o c  N a t l  A c a d  S c i  U S A  1998,
95(18):10413-10418.
28. Messerschmidt A, Ladenstein R, Huber R, Bolognesi M, Avigliano L,
Petruzzelli R, Rossi A, Finazzi-Agro A: Refined crystal structure of
ascorbate oxidase at 1.9 A resolution.  J Mol Biol 1992,
224(1):179-205.
29. Bullock TL, Clarkson WD, Kent HM, Stewart M: The 1.6 ang-
stroms resolution crystal structure of nuclear transport fac-
tor 2 (NTF2).  J Mol Biol 1996, 260(3):422-431.
30. Magnus KA, Hazes B, Ton-That H, Bonaventura C, Bonaventura J, Hol
WG: Crystallographic analysis of oxygenated and deoxygen-
ated states of arthropod hemocyanin shows unusual differ-
ences.  Proteins 1994, 19(4):302-309.
31. Michaels ML, Miller JH: The GO system protects organisms
from the mutagenic effect of the spontaneous lesion 8-
hydroxyguanine (7,8-dihydro-8-oxoguanine).  J Bacteriol 1992,
174(20):6321-6325.
32. Velankar S, McNeil P, Mittard-Runte V, Suarez A, Barrell D, Apweiler
R, Henrick K: E-MSD: an integrated data resource for bioinfor-
matics.  Nucleic Acids Res 2005:D262-265.
33. Pearl F, Todd A, Sillitoe I, Dibley M, Redfern O, Lewis T, Bennett C,
Marsden R, Grant A, Lee D, et al.: The CATH Domain Structure
Database and related resources Gene3D and DHS provide
comprehensive domain family information for genome anal-
ysis.  Nucleic Acids Res 2005:D247-251.
34. Andreeva A, Howorth D, Brenner SE, Hubbard TJ, Chothia C, Murzin
AG: SCOP database in 2004: refinements integrate structure
and sequence family data.  Nucleic Acids Res 2004:D226-229.
35. Mulder NJ, Apweiler R, Attwood TK, Bairoch A, Bateman A, Binns D,
Bradley P, Bork P, Bucher P, Cerutti L, et al.: InterPro, progress
and status in 2005.  Nucleic Acids Res 2005:D201-205.
36. Bateman A, Coin L, Durbin R, Finn RD, Hollich V, Griffiths-Jones S,
Khanna A, Marshall M, Moxon S, Sonnhammer EL, et al.: The Pfam
protein families database.  Nucleic Acids Res 2004:D138-141.
37. Bairoch A: The ENZYME database in 2000.  Nucleic Acids Res
2000, 28(1):304-305.
38. Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM,
Davis AP, Dolinski K, Dwight SS, Eppig JT, et al.: Gene ontology:
tool for the unification of biology. The Gene Ontology Con-
sortium.  Nat Genet 2000, 25(1):25-29.
39. Stuart AC, Ilyin VA, Sali A: LigBase: a database of families of
aligned ligand binding sites in known protein sequences and
structures.  Bioinformatics 2002, 18(1):200-201.
40. Davis FP, Sali A: PIBASE: a comprehensive database of struc-
turally defined protein interfaces.  Bioinformatics 2005,
21(9):1901-1907.
41. Bioinformatics datasets from the Structural Genomics Unit
at CIPF   [http://bioinfo.cipf.es/sgu/datasets/]
42. Altschul SF, Gish W, Miller W, Myers EW, Lipman DJ: Basic local
alignment search tool.  J Mol Biol 1990, 215(3):403-410.
43. Al-Shahrour F, Diaz-Uriarte R, Dopazo J: FatiGO: a web tool for
finding significant associations of Gene Ontology terms with
groups of genes.  Bioinformatics 2004, 20(4):578-580.
44. Sing T, Sander O, Beerenwinkel N, Lengauer T: ROCR: visualizing
classifier performance in R.  Bioinformatics 2005, 21:3940-3941.